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AI & IP: A LOVE-HATE RELATIONSHIP?

Artificial Intelligence is by Fovea IP analysts and clients where it brings

more reliability
more efficiencyand, therefore
reduced costs and faster delivery times  
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Logo searching
EU27 | classes 9, 35, 42

Human Brain Artificial Intelligence

+ Vienna classes 24.17.08, 27.03.15, 
27.05.21, 27.99.13

135 762 active trademarks 

No Vienna classes

2 120 979active trademarks

5 days 3 seconds
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Industrial design searching
11 countries | subclasses 0901 & 0903

Human Brain Artificial Intelligence

319 423 active & inactive industrial designs

8 days 6 seconds
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Fovea IP is also 200 human brains (and growing) to

ReviewA.I. work (logos, industrial designs)

Perform
Word mark searches (with the help of algorithms)
Watching (with the help of algorithms)
In-use searches
Brand awareness surveys

Manage+200 million trademarks, +23 million industrial designs, +170 million 
ǇŀǘŜƴǘǎΣ Ҍслл ллл ллл ŘƻƳŀƛƴ ƴŀƳŜǎΣ ŀƴŘ ŀ ƭƻǘ ƳƻǊŜΧ
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Contact us for more info: 

Pauline Déom & Marc Tena

Commercial Direction French-speaking countries

pauline.deom@foveaip.com
+32 471 48 18 55

marc.tena@foveaip.com
+33 6 12 11 40 39 

mailto:pauline.deom@foveaip.com
mailto:marc.tena@foveaip.com


A P R A M- E C TA  ® E T R E AT  J O I N T  E V E N T  ( P a r i s ,  3  A p r i l  2 0 2 5 ,  9 : 0 0- 1 7 : 0 0 )

S p o n s o r e d b y :

Moderator:
EDOUARD FORTUNET

Jones Day, FR
A short overview of technical aspects of AI

and different perspectives on Protection
Prof. JEAN-MARC DELTORN

CEIPI, FR
AI as a source of both creation and infringement.

How has it been tackled: ase law from different jurisdictions
PIERRE MASSOT

ARENAIRE Lawfirm, FR
CHARLES-ANTOINE JOLY

DS Avocats, FR
Prof. ALAIN STROWEL

Saint-Louis (Brussels); UCLouvain, BE

A I  &  I P :
A  LOV E-H AT E  R E L AT I O N S H I P ?

C o - o r g a n i s e d  w i t h :



A very brief introduction to 
Artificial Intelligence 

Jean-Marc Deltorn

CEIPI

University of Strasbourg

DENoTE, MANTRA 



What is AI?
/ŀƴ ǿŜ ŀǘǘŜƳǇǘ ǘƻ ŘŜŦƛƴŜ άŀǊǘƛŦƛŎƛŀƭ ƛƴǘŜƭƭƛƎŜƴŎŜέΚ



1955

Dartmouth: "IA" 
(birth of the term)

1970-2000

symbolic and sub-
symbolic 
approaches 
(summers and 
winters of AI)

2006

"Deep belief 
network 
pretraining (Geoff 
Hinton): the 
renaissance of 
deep neural 
networks (DNNs)

2011-2012

DNN at scale: 
Andrew Ng and 
Jeff Dean Google 
Brain 
"unsupervised 
recognition

2016

First industrial 
developments: 
Waymo, Uber, 
Tesla (etc...) 
(semi)-
autonomous 
vehicles

2017

The renaissance of 
generative AI: 
"generative 
adversarial 
networks" 
("GANs")... and 
Deepfakes

2018-2019

Deepmind (Alpha 
Go, Alpha Zero), 
etc...

2020-2021

openAI GPT2: "too 
dangerous to 
share", AlphaFold: 
AI and innovation

2022-2025

Acceleration: Dall-E, 
StableDiffusion, Suno,

Foundattionmodels, 
LLMs,  GPT-o3, 
DeepSeek

Nobel prizes, 

The emergence of 
ǊŜƎǳƭŀǘƛƻƴΧ

the ubiquity of AI

1950

Alan Turing

"Can machine 
think?



ÅJohn McCarthy's Definition (1955): "the science and engineering of making 
ƛƴǘŜƭƭƛƎŜƴǘ ƳŀŎƘƛƴŜǎΦέ

ÅStuart Russell and Peter Norvig: "the study of agents that perceive their 
environment and take actions that maximize their chances of achieving their 
ƎƻŀƭǎΦέ όϦ!ǊǘƛŦƛŎƛŀƭ LƴǘŜƭƭƛƎŜƴŎŜΥ ! aƻŘŜǊƴ !ǇǇǊƻŀŎƘέύ

ÅMargaret A. Boden (philosopher): "the use of computer programs and 
programming techniques to cast light on the principles of intelligence in general 
ŀƴŘ ƘǳƳŀƴ ǘƘƻǳƎƘǘ ƛƴ ǇŀǊǘƛŎǳƭŀǊΦϦ

ÅEU AI Act Definition: An AI system is a machine-based system designed to 
operate with varying levels of autonomy, capable of generating outputs such as 
predictions, recommendations, or decisions that influence physical or virtual 
environments.



What is AI?
!ƴ άǳƳōǊŜƭƭŀ ǘŜǊƳέΣ ŀ ŜƭǳǎƛǾŜ ƎƻŀƭΣ ƛƭƭ-ŘŜŦƛƴŜŘΧ 

In practice: ά!Lέ ƛƴǾƻƭǾŜǎ ŎǊŜŀǘƛƴƎ ƳŀŎƘƛƴŜǎ όŎƻƳǇǳǘŜǊ ǇǊƻƎǊŀƳǎύ 
capable of performing tasks that typically require human intelligence, 
such as learning from examples, producing new artefacts and problem-
ǎƻƭǾƛƴƎΦ



Is AI new?
Not really : AI has progressed from early neural networks (a few 
artificial neurons) to very large models deep learning models with 
trillions of parameters (with many other techniques in between, incl. 
symbolic, hybrid, probabilistic, evolutionary, etc.), reflecting continuous 
advancements in algorithmic solutions, technology (CPU, GPU, TPU) 
and access to data



Why such a hype?
Is this a real technological / societal disruption or just speculation? 

Is it here to stay?
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Not just academic... but real-world applications

Esteva et al. 2017 "Dermatologist-level classification of skin cancer with deep neural 

networks" Nature 542, 115-118

a ten-class model trained on an 
internal dataset of 1,796 patients, 
we predict the tumor categories in 
three independent external test 
datasets including 2,156 patients, 
achieving an overall accuracy of 95%
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Reality checks: coping with edge cases & safety 

ñJust a couple of months 

ago, our vehicules were 

driving through Mountain 

View, and this is what we 

encountered : this is a 

woman in an electric 

wheelchair, chasing a duck 

in circles on the roadéò 

(Chris Urmson, formerly 

with Waymo)

woman

duck
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HAI - AI Index

Stanford 2024



Generative AI & LLMs

22/11/2022



Why such a hype?
AI's rapid adoption across diverse industries is due to its ability to 
enhance efficiency, accuracy, and innovation (scientific discovery) in 
real-ǿƻǊƭŘ ŀǇǇƭƛŎŀǘƛƻƴǎΦ  

AI is now delivering tangible benefits in a large spectrum of practical 
applications.



But, how does it work?
Iƻǿ Ŏŀƴ άƳŀŎƘƛƴŜǎ ƭŜŀǊƴέΚ
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Artificial intelligence (AI): These are "machines whose behaviour would be 
considered intelligent if exhibited by a human".  (also John McCarthy, 1955)

in practice :
ĄAll theories, techniques and applications 
 implemented to simulate cognitive processes
Ą (perception, decision/production, "understanding")

Learning
(find and represent 
correlations in data)

Data

Rules
(symbolic)

Rules
(parametric 

model)

Expert systems
Humans must identify and set out 
rules in symbolic form, that are

machine-interpretable (not easy!)
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Artificial intelligence (AI): These are "machines whose behaviour would be 
considered intelligent if exhibited by a human".  (also John McCarthy, 1955)

in practice :
ĄAll theories, techniques and applications 
 implemented to simulate cognitive processes
Ą (perception, decision/production, "understanding")

Learning
(find and represent 
correlations in data)

Data

Rules
(symbolic)

Trained 
(inference) 

model

Expert systems
Humans must identify and set out 
rules in symbolic form, that are

machine-interpretable (not easy!)



AI: from input to prediction

C

training data

trained model
define a machine learning 

architecture

and training process

application

new (unseen) data

obtain a

label prediction
input  data

annotators

(assign label to data)

Start: definition of a problem (e.g. recognise classes of specific objects in images)
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trained model
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AI: from input to prediction

C

training data

trained model
define a machine learning 

architecture

and training process

application

new (unseen) data

obtain a

label prediction
input  data

annotators

(assign label to data)

Start: definition of a problem (e.g. recognise classes of specific objects in images)



AI: A (vast) array of techniques

Artificial 
intelligence

Machine 
learning

neural 
networks

deep neural 
networks

SVM

DT

symbolic BNHMM

expert 
systems

logic prog.

... and many 
others!

39

Evolutionary
approaches



But, how does it work?

AI systems learn from data through various methods, enabling them to 
make predictions, uncover patterns, or make decisions based on 
experience



The problem: train a classifier to identify portraits 

among other types of work

How do we do it? 

Ą Using a supervised learning technique

(1) Choosing a data set

īwe start with a set of labelled training data (in this 

case portraits and other types of painting).

īeach image has been labelled (by hand) : 
īa "1" label for a portrait

ī a "0" label otherwise

41

How do you train an artificial neural network? 

1

1

1
0

0



(2) Choosing a 'model

1. A neural network 

architecture is defined (number 

of layers, number of neurons per 

layer, types of activation 

functions, etc.).

w1
(1)

2. The parameters (all wi
(k) ) 

are set to random values

w1

wn

a1

x1

xn

model : 

artificial neuron
n parameters (wk )

activation function

(sigmoid, ReLu, etc.)

▓

▪

wkxk

Rq: The architecture may need 

to be adapted to the type of 

input data (text, sound, images, 

graphics, etc.). 

input layer

(e.g. pixels, audio) 

hidden layer

(composed of 

artificial neurons)

output layer

(here: a single 

neuron)



(3) The choice of a training method for the model

3. The pixels of an input 

image are supplied as input 

to the first layer of the 

network

w1
(1)

1. an image is chosen (at 

random) from the 

training set.

2. We know his label 

("portrait" or not)

1

drive assembly



"it's not 

not a 

portrait"

Modification of

parameters

ṍ

The weight of the 

neurons is modified 

according to their 

contribution to the wrong 

answer.

we compare 

labels : 

"1" is expected

image + label

(portrait: "1")

Data 

training

(known content)

1

a result is predicted



settings Ok

ṉportrait

image + label 

(portrait)

(we do nothing)

Data

training

(known content)

1



E
rr

o
r

iterations

ṉ

The model is trained (the parameters are modified) until the "contract" is 

satisfied...

1



ṉ1

We used the training data to modify 
the parameters (the weights) of 
each neuron so that the overall 
behaviour of the network met a 

predefined quality metric (an error)

The result is a set of parameters 
("weights") which control the 

operation of the NN.

this trained model can now be 
applied to new data
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compare
predicted label 
with expected 
(known) label

if wrong, 

backpropagate the error: 
modify weights layer by 
layer starting from the 
last, according to their 

contribution to the error.  

iterate until

convergence or 
error goes below 

threshold

pick data at random 
from training set 
(with know label)

fowardpass 
(use current 

state of network 
to predict label)

(xi), yi

(xi) ypred Costɵ Error (ypred,yi)forward pass

backpropagation

⸗╒

⸗◌░▒

C(ypred,yi)



49

problem 

"simple"

A small number of examples

training is all it takes

simple" model

(few parameters)

Link between complexity (of the problem) and model size
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problem 

complex"

requires a very large

training corpus

large model 

many parameters 

Link between complexity (of the problem) and model size
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AI is becoming more and more data-hungry...



Pourquoi ces progr s̄ ?

1. Des avanc®es algorithmiques (architectures, proc®d®s dôapprentissage, etc.)

17

Å un grand nombre dôunit®s (neurones)

Å un espace de repr®sentation riche

Å un apprentissage ñde bout en boutò
Å des architectures sp®cifiques

Å des

52

Why the hype?
- Algorithmic progress
- !ŎŎŜǎǎ ǘƻ /t¦ όDtwκ¢t¦Χύ
- Acess to data



General Purpose AI / Foundation models
Foundation models /GPAI: large-scale AI 
models trained on vast amounts of data, 
designed to be adaptable to a wide range 
of downstream tasks. They serve as a 
base upon which various applications can 
be built, reducing the need for task-
specific models.

ĄCapable of performing multiple tasks 
across different domains without task-
ǎǇŜŎƛŦƛŎ ǘǊŀƛƴƛƴƎΦ

Ą Trained on extensive datasets, often 
using self-ǎǳǇŜǊǾƛǎŜŘ ƭŜŀǊƴƛƴƎ ǘŜŎƘƴƛǉǳŜǎΦ

ĄCan be fine-tuned for specific 
applicationsΣ ŜƴƘŀƴŎƛƴƎ ǘƘŜƛǊ ǾŜǊǎŀǘƛƭƛǘȅΦ

source: blogs.nvidia.com/blog/2023/03/13/what-are-foundation-models/



²Ƙŀǘ ŘƻŜǎ ƛǘ ƳŜŀƴ άǘƻ ƭŜŀǊƴέΚ
In AI, learning involves a system improving its performance on specific 
ǘŀǎƪǎ ōȅ ƻǇǘƛƳƛȊƛƴƎ ƛǘǎ ƛƴǘŜǊƴŀƭ ǇŀǊŀƳŜǘŜǊǎ ōŀǎŜŘ ƻƴ ǘǊŀƛƴƛƴƎ ŘŀǘŀΦ

IǳƳŀƴǎ ŘŜŦƛƴŜ ǘƘŜ ƳƻŘŜƭΩǎ ŀǊŎƘƛǘŜŎǘǳǊŜ όƛǘǎ ǎǘǊǳŎǘǳǊŜ ŀƴŘ ǇǊƻǇŜǊǘƛŜǎύΣ 
choose the task to be solved, set the performance metrics, collect the 
training data, validate the outputs, etc.



What is generative AI?

How can algorithms produce novel artefacts?



gen-AI

Generative AI refers to algorithms that can create new contentτsuch as text, images, audio, or videoτby 
learning patterns from existing data. 

How It Works:

ÅTraining Phase: The model is exposed to vast amounts of data, allowing it to learn statistical patterns 
ŀƴŘ ǊŜƭŀǘƛƻƴǎƘƛǇǎΦ

ÅGeneration Phase: Upon receiving an input (often called a "prompt"), the model produces content by 
ǇǊŜŘƛŎǘƛƴƎ ŀƴŘ ŀǎǎŜƳōƭƛƴƎ ŜƭŜƳŜƴǘǎ ōŀǎŜŘ ƻƴ ǘƘŜ ƭŜŀǊƴŜŘ ǇŀǘǘŜǊƴǎΦ



Numéro de février 1787 du Journal of Luxury and Fashions



Radford et al. 2014

58

Not so new (again)



thispersondoesnotexist.com

59



Style transfer

portraitAI.app

60



Generative AI & generative adversarial networks

Generator / Forger
tries to produce fake samples

Discriminator / "critic
ǘǊƛŜǎ ǘƻ ŘŜǘŜŎǘ άŦƻǊƎŜǊƛŜǎέ

true or false?

concrete examples

correct?

constraints

noise

+

61
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Today Ą Transformers, Diffusion models

1. progressively add noise to an image

2. Train a model to learn to denoise ς step-by-step ς the image



{ ,l }i

x1

x2

x3

... 

...

...
Χ 
xn

C

works 
(originals)

selection

annotation

definition of
features

architecture,

selection

post-production

databaseexpansion

objective function

(iteration)



What is generative AI?

Generative AI enables machines to create new content by learning 
ǇŀǘǘŜǊƴǎ ŦǊƻƳ ŜȄƛǎǘƛƴƎ ŘŀǘŀΦ



Who controls the outputs? 

How much can we constrain the products coming out of generative AI?



Role of Prompts: The input prompt significantly influences the output. Carefully crafted 
prompts can guide the model toward desired responses, but absolute control over the 
exact output is challenging due to the model's inherent complexity and probabilistic 
natureΦ  ¢ƘŜ ƳƻŘŜƭ Ƴŀȅ ǇǊƻŘǳŎŜ ǳƴŜȄǇŜŎǘŜŘ ǊŜǎǳƭǘǎΣ ŜǎǇŜŎƛŀƭƭȅ ǿƛǘƘ ŀƳōƛƎǳƻǳǎ ƻǊ ƻǇŜƴ-
ŜƴŘŜŘ ǇǊƻƳǇǘǎΦ

Techniques for Output Control:

- Prompt Engineering: Designing specific prompts to steer the model's responses in a 
ǇŀǊǘƛŎǳƭŀǊ ŘƛǊŜŎǘƛƻƴΦ

- Fine-Tuning: Adjusting the model's parameters on a specialized dataset to align outputs 
ǿƛǘƘ ǎǇŜŎƛŦƛŎ ǊŜǉǳƛǊŜƳŜƴǘǎΦ

- Sampling Strategies: Methods like temperature setting and top-k sampling influence the 
randomness and diversity of the generated content.



gen-AIprompt
Image

What if we repeat (using the same prompt)? Ą same image?

What if we use more detailed prompts Ąmore control over the output?



Basic: A cat.

Very Detailed: A peaceful domestic scene captured as if painted by a soft 
realist artist. A fluffy orange tabby cat with white paws lies curled on an aged 
oak windowsill, the morning sunlight filtering through sheer lace curtains, 
casting a warm glow on its fur. A small ceramic pot holding a vibrant green 
succulent sits beside the cat, creating a balance of colorand texture. Outside 
the window, a blurred garden with blooming daisies and butterflies hints at 
spring. The cat looks serene, eyes half-closed, ears twitching faintly. The mood 
is calm, quiet, and filled with gentle warmth, evoking a sense of home and 
contentment. The artist's intent is to depict a fleeting, tender moment of 
stillness in a chaotic world.

ÅWhat if more words, more details?...

chatGPT

Bing

chatGPT



Who controls the outputs? 
While prompts and tuning techniques can guide generative AI outputs, 
achieving control over the content and form is inherently limited: the 
details of the expression are forged by the model (its architecture, 
training data, fine-tuning, human-feedback @ training, validation) 



5ƻ ƳƻŘŜƭǎ άƳŜƳƻǊƛȊŜέΚ

Gen-!L ŀǎ ŀ άǎǘƻŎƘŀǎǘƛŎ ǇŀǊǊƻǘέΚ



Model memorization (of training data)

Memorization vs. Generalization:

Memorization occurs when a model recalls exact details from its training data, 
whereas generalization refers to the model's ability to apply learned patterns to 
ƴŜǿΣ ǳƴǎŜŜƴ ŘŀǘŀΦ

Why?

- Model Size: Larger models with more parameters have a higher capacity to 
ƳŜƳƻǊƛȊŜ ǘǊŀƛƴƛƴƎ ŘŀǘŀΦ

- Training Duration: Extended training periods can lead to overfitting, where the 
ƳƻŘŜƭ ōŜŎƻƳŜǎ ƻǾŜǊƭȅ ǎǇŜŎƛŀƭƛȊŜŘ ǘƻ ǘƘŜ ǘǊŀƛƴƛƴƎ ŘŀǘŀΦ

- Data Characteristics: Imbalanced or small datasets increase the likelihood of 
ƳŜƳƻǊƛȊŀǘƛƻƴΦ




